To characterize the flavour of Albariño wines, a total of 35 samples representing five geographic areas from Denomination of Origin Rías Baixas were analyzed by sensory descriptive analysis and instrumental analysis (GC-FID). The objective of this work was to study the correlation between instrumental analysis and sensory perception of wine constituents. The results of the investigation were presented by means of multivariate modelling methods such as Principal Component Analysis (PCA) and partial least squares regression (PLSR). Principal Component Analysis showed the distribution of the wines based on chemical and sensory characteristics. The relationships between sensory descriptors and volatile compounds of Albariño wines were studied by Pearson correlation and partial least squares regression (PLSR). The compounds that mostly contributed to the flavour of Albariño wines in instrumental analysis were those related to fruity (ethyl esters and acetates) and floral aromas (monoterpenes). Similar results were found in sensory analysis where the descriptors with the highest Geometric Mean were fruity and floral aromas too (citric, flowers, fruit, ripe fruit, apple and tropical). Therefore, this work demonstrates that some relationships between sensory data and volatile compounds exist to asses sensory properties in Albariño wines.
Introduction
Aroma compounds play an important role in the quality of wine because those compounds produce an effect on sensory senses. The aroma of the wine consists of 600 to 800 aroma compounds [1] . Wine flavour can be classified into four groups: varietal aroma, typical of grape variety; pre-fermentative aroma, originated during grape processing; fermentative aroma, produced by yeast and bacteria during alcoholic and malolactic fermentations; post-fermentative aroma, which results from transformations that occurred during conservation and ageing of wine. The total content of aroma compounds in wine accounts to approximately 0.8 g/L to 1.2 g/L, where the fusel oils, formed during fermentation, are about 50% [1] .
To understand the chemical compounds in wine that showed sensory characteristics, it is necessary to obtain some information regarding both volatile composition and sensory properties [2] . Gas chromatography is an important analysis technique for volatile and non-volatile components to the aroma of the wine, although the aromatic impact of volatiles identified is evaluated, generally by determining perception thresholds. In another hand, sensory analysis invoices the detection and description of qualitative and quantitative sensory components of a product by a trained panel of judges [3] . Quantitative descriptive analysis [4, 5] is one of the most comprehensive and informative tools used in sensory analysis. This technique can provide complete sensory descriptions of a product such as wine.
One important aspect of flavour research is the exploration of relationships between sensory and instrumental data [6] . The information of the two different types of tools, instrumental and sensory data, is very important to establish the quality of wine. Relationships between volatile composition and sensory descriptors of wines have been explored by other researchers [1, 2, [7] [8] [9] . While hundreds of different volatile compounds are present in a given wine, only a subset is likely to be actively contributing to flavour [2] . Wine aroma normally is produced by a huge number of volatile compounds and a specific ratio and or a combination of them [10] .
Albariño is the most important cultivar for the economy of Galicia (NW Spain) and recently it begins to be an important cultivar for other countries in Europe, United States or Australia. Because these wines are very appreciated by their aroma descriptors, it is very useful to study their volatile composition. Several authors have published data about volatile compounds and sensory analysis of Albariño musts and wines [11] [12] [13] but no correlation studies between instrumental and sensory data were realized.
Multivariate analysis has been used for wine characteristic evaluation. Principal Component Analysis (PCA) and partial least square (PLS) are frequently employed statistical analyses and have been applied to sensory [7, 11, 12, 14, 15] and instrumental results [16, 17] . The aim of this work was to study the volatile composition of commercial Albariño wines as well as to analyze the sensory descriptors and the correlation between both types of data. Multivariate analysis, Pearson correlation, Principal Component Analysis and Partial Squares Regression of the data were applied.
Materials and methods

Wine samples
The samples consisted of a total of 35 commercial Albariño white wines from the 2006 vintage of Denomination of Origin Rías Baixas. The wines used in this study, selected at random, were conserved at 15°C until analysis. The evaluation of volatile composition and sensory analysis of wines was made after one year of conservation in bottles.
Extraction of wine volatiles
In a 10 mL culture tube (Pyrex, ref. 1636/26MP), 8 mL of wine, 2.4 µg of internal standard (4-nonanol, Merck ref. 818773) and a magnetic stir bar (22.2 mm × 4.8 mm) were added. Extraction was done by stirring the sample with 400 µL of dichloromethane (Merck, ref. 1.06054) during 15 min. After cooling at 0°C during 10 min, the magnetic stir bar was removed and the organic phase was detached by centrifugation (RCF = 5118, 5 min, 4°C); the extract was recovered into a vial using a Pasteur pipette. Then, the aromatic extract was dried with anhydrous sodium sulphate (Merck, ref. 1.06649) and picked up again into a new vial [18] . Extractions of volatiles from each wine were made in triplicate.
GC-FID analysis
The flame ionization detector (FID) is a non-selective detector used in conjunction with gas chromatography. Because it is non-selective, there is a potential for many non-target compounds present in samples to interfere with this analysis and for poor resolution especially in complex samples. The FID works by directing the gas phase output from the column into a hydrogen flame. Analytically, GC equipped with flame ionization or mass spectrometric detector is the most commonly adopted approach for the quantification of volatiles, giving detection limits of a few micrograms per liter and wide ranges of linearity of about three orders of magnitude [19] . The used methodology, solvent extraction followed by GC-FID analysis, is quite accurate [18] but, in this work, only semi-quantitative results were obtained for the volatile compounds. However, since the published sensory thresholds vary greatly according to author and because, in this work, the determination of OAV is only needed to obtain the most relevant compounds capable of being correlated with sensory descriptive data, the computation of an exact value was not important.
A Chrompack CP-9000 gas chromatograph equipped with a split/ splitless injector and a flame ionization detector (FID) with a capillary column, coated with CP-Wax 52 CB (50 m × 0.25 mm i.d., 0.2 µm film thickness, Chrompack), was used. Injector and detector temperatures were both set to 250°C. The oven temperature was held at 40°C, for 5 min, then programmed to rise from 40°C to 235°C, at 3°C min − 1 , and then finally programmed from 235°C to 255°C, at 5°C min − 1 . The carrier gas was helium 55 (Praxair) at 103 kPa and the split vent was set to 13 mL/min. Each 3 µL extract was injected in splitless mode (for 15 s). Quantification of volatiles, as 4-nonanol equivalents, was performed by comparing retention indexes with those of pure standard compounds using Varian MS Workstation version 6.6 [18] .
Sensory analysis
The sensory analysis was developed by ten expert wine tasters in sensory analysis of Albariño wines from Denomination of Origin Rías Baixas (Galicia, Spain). The evaluation of wines by sensory analysis was realized using QDA methodology [20] .
Two training sessions where aroma descriptors from twenty Albariño wines from the 2006 vintage were generated were conducted by the panel. The glossary was composed of forty-seven descriptors. The descriptive terms developed are listed in Table 1 .
A constant volume of 30 mL of each wine was evaluated in winetaster glasses at 12°C as described by the International Organization for Standardisation ISO 3591 [21] . During the analysis, the wine tasters smelled the different wines and indicated if the different descriptors were perceived and the intensity of each aroma attribute was rated with a scale from 0 to 5. The descriptors were classified for each wine by using the comparison of Geometric Means (GM), according to the International Organization for standardisation ISO 11035 [22] .
These (GM) values were then used to classify the descriptors. The classification of descriptors according to these means made it possible to eliminate the descriptors whose geometric means were relatively low. This method permitted to take into account descriptors which were rarely mentioned but which are very important in terms of the perceived intensity, and descriptors with a low perceived intensity but which are mentioned often [23] . Principal Component Analysis (PCA) was used to second reduction of attributes to a smaller set of underlying variables based on patterns of correlation among the original variables.
Odour activity value
To evaluate the contribution of a chemical compound to the aroma of a wine the odour activity value (OAV) was determined. OAV is a measure of importance of a specific compound to the odour of a sample. It was calculated as the ratio between the concentration of an individual compound and the perception threshold found in literatures [2, 12] .
Data analysis
The sensory and instrumental data were analyzed using XLstat-Pro (Addinsoft). To test significant differences among wine composition, analysis of variance (ANOVA) was applied. In sensory analysis, relative intensity (% I) and frequency (% F) and geometric mean (GM) for each aroma descriptor were also calculated. For interpreting the results Principal Component Analysis (PCA) on aroma descriptors (GM N 10%) and volatile compounds (OAV N 1) of Albariño wines was applied. PCA is used as a tool for screening, extracting and compressing data. PCA employs a mathematical procedure that transforms a set of possibly correlated response variables into a new set of noncorrelated variables called principal components [24] . Pearson correlation among all sensory and instrumental data was calculated. To show the relationship between sensory variables with GM N 10% and volatile compounds with OAV N 1, partial least squares regression (PLSR) was applied. PLSR create, starting from a table with several observation described by several variables, a set of components. This is a data reduction technique in that it reduces the Xvariables to a set of noncorrelated factors that describe the variation in the data. Principal Component Analysis and partial least squares regression are the most commonly used to wine multivariate data analysis applied to grape and wine analysis. In modern chemical measurements, the essential information may not be readily evident, because of the magnitude of available data. Therefore, multivariate data analysis is defined as the application of statistical methods to chemical data. PLSR regression is of particular interest because it can analyze correlated data and redundant variables (X-variables) and can also model several characteristics (Y-values) at the same time [24] .
Results and discussion
Volatile composition of wines
The GC-FID analysis of wines allowed the identification and quantification of thirty-six compounds belonging to eight groups of volatile compounds (Table 1 ). In this work we have quantified 3 C 6 -compounds, 6 alcohols, 7 ethyl esters, 3 acetates, 7 volatile fatty acids, 4 monoterpenes, 1 C 13 -norisoprenoid and 5 volatile phenols. Many of these volatile compounds are commonly found in wines and are derived from grapes and yeast strain fermentation and vinification process [25] . Fig. 1 shows seven groups, alcohols being, quantitatively, the largest group of volatile compounds accounting to more than 35.2%, followed by volatile fatty acids (30.1%) and ethyl esters (22.4%). In this case monoterpenes and C 13 -norisoprenoids were represented in the same group (Fig. 1) . Higher alcohols and esters, produced during alcoholic fermentation, play an important role in the flavour of wines, depending on the type of compound and concentration and some alcohols are recognized because of their herbaceous notes [26] . Table 1 shows the mean and standard deviation obtained for each compound in the thirty-five samples analyzed. These levels were determined as 4-nonanol equivalents. In Table 1 , eight compounds show SD higher than their mean value, indicating a broad range for the analyzed samples. However, these compounds, except vanillin, showed no significant difference between the samples analyzed. Significant differences among Albariño wines were only shown for vanillin, for this reason vanillin was not included in the statistical treatments (Pearson correlation, PCA and PLSR). The analyzed wines showed a high homogeneity of volatile composition, which means The most abundant compound in Albariño wines was 2-phenylethanol (6.20 mg/L), in accordance with literatures [27, 28] . Over 45% of the quantified volatile was accounted by two compounds: 2-phenylethanol and octanoic acid. Among acetates and ethyl esters, 3-methylbutyl acetate and ethyl lactate respectively were the most important volatile compounds in concentration. In contrast to these major compounds are minor classes such as C 13 -norisoprenoids, a group represented by only one compound, β-damascenone. Five compounds represented volatile phenols, vinylphenols (4-vinylphenol and 4-vinylguaiacol) being the most abundant. This result is in accordance with Gómez-Miguez et al. [26] , when they studied the volatile components of Zalema white wines from Huelva (southern Spain).
In order to assess the influence of the compounds studied on overall wine aroma, odour activity value (OAV) was calculated by dividing the concentration of each compound by its perception threshold. Only the compounds with OAV greater than 1 contribute individually to the wine aroma [29] . Other authors [30] used different methods to establish the would-be impact odorant based in aroma index, when the concentration is at least 20% of the threshold unit. When the OAV of a particular compound is less than 1, it might contribute to the aroma of a wine, because of the additive effect of similar compounds (similar structure or odour) [2] . Table 1 also shows the odour descriptor and OAV for each compound analyzed. Only fourteen volatile compounds (40%) analyzed presented OAV N 1, contributing to the aroma of the wines analyzed, six of them with fruity aroma, three with flowery aroma, one with spice descriptor. Gómez-Miguez et al. [26] found, for Zalema wines, that only 32% of the quantified volatile components were found at concentrations higher than their corresponding threshold values (OAVsN 1). Other authors [31, 32] found similar results in other young white and rose wines.
The highest OAV was represented by ethyl esters, ethyl octanoate (OAV = 210.3) and ethyl hexanoate (OAV = 56.7). Esters contribute favourably to wine aroma as fruity characteristics [30, 33] . Previous studies on Albariño wines [34] showed similar results. Acetates were the second group with high AOV, representing by 3-methylbutyl acetate (OAV = 65.5). β-damascenone presents a low concentration (0.90 µg/L), however the impact of aroma is high (mean OAV = 18) because of its low odour threshold (0.05 µg/L). β-damascenone was the most powerful odorant for the white wines Blanco lexítimo and Agudelo from Betanzos in Galicia [35] . C6-compounds and high alcohols do not appear to contribute individually to wine aroma from this study. However, the contribution to the aroma of compounds with near-unity OAVs, cannot be ignored, because they can enhance some existing notes by synergy with other compounds [32] .
Sensory analysis
Thirty-five Albariño wines were evaluated by sensory descriptive analysis to obtain the aromatic descriptors. Descriptive analysis revealed that the Albariño wines were characterized with thirty-eight aroma descriptors belonging to five groups: fruity (17 descriptors), balsamic (4 descriptors), vegetal (6 descriptors), floral (3 descriptors) and others (8 descriptors). Frequency, intensity and geometric mean of the different descriptors analyzed are shown in Table 2 . Fruity and floral aromas showed the highest frequency and intensity. The most frequent descriptors were cut green (24.57%), flowers (24%), fruit (22.86%) and citric (21.14%). The most intensity was showed for fruit descriptor (12.34%), flowers (11.66%) and cut green (11.09%). Oliveira et al [13, 36] found that Albariño wines are characterized by tropical fruit, citrus fruit and tree fruit characters when they studied the changes in their aromatic characteristics during maturation.
From the results of analysis of variance (ANOVA) on the descriptive data, for intensity, only three descriptors (alcohol, stone fruit and lactic) were significantly different across wines (p b 0.05) ( Table 2 ).
The intensity (I) and frequency (F) of each attribute permitted the Geometric Mean (GM) to be obtained. GM was calculated, for each descriptor, as a square root of the product between the relative intensity and relative frequency. Descriptors with GM N 10% were considered the Shown in bold are descriptors with GM N 10%. Statistical significance is given by (**) p = 0.01, (***) p = 0.001 and (ns) not significant. most contributor descriptor in this study. Six sensory attributes with GM N 10% defined the aroma of Albariño wines (citric, flowers, ripe fruit, cut green, apple and tropical). Previous studies realized with Albariño cultivar showed similar results [12] .
Principal Component Analysis of sensory descriptors and volatile compounds
For interpreting the results, Principal Component Analysis (PCA) was applied. PCA gives a pictorial relationship of the wines based on their chemical and sensory composition. The PCA makes easy the interpretation of multivariate analysis and in this study was used to identify the volatile compounds and descriptors that discriminated best among wines.
A first PCA was performed on the concentration of the 14 volatile compounds analyzed in Albariño wines, with OAV N 1 (Fig. 2) . The first two principal components, PC1 and PC2, accounted for 52.90% of total variance (37.22% and 15.68% respectively). The first component (PC1) was characterized by major levels of ethyl hexanoate (V4), ethyl octanoate (V5), hexanoic acid (V11) and octanoic acid (V12). For the second principal component (PC2), the attributes butyric acid (V7), β-damascenone (V10) and 4-vinylguaiacol (V13) showed high and positive values. Most of the samples of Albariño wines were situated in two zones of the plot. The first group of Albariño wines was located at positive values for PC1 and PC2 and are characterized by 4-vinylguaiacol, octanoic acid, hexanoic acid, butyric acid and ethyl octanoate. The second group of Albariño wines was located at positive values for PC1 and the negative values for PC2. This group was correlated with ethyl hexanoate. The other more dispersed wine samples were situated in the negative side of PC1.
Data for the 7 descriptors from sensory analysis of Albariño wines with GM N 10% was analyzed using PCA (Fig. 3) . The first two principal components, PC1 and PC2, accounted for 47. 
Correlation between sensory and instrumental data
A first study of the correlation (Pearson correlation) was realized with all volatile compounds and sensory descriptors. Significant positive correlations were observed among guaiacol and honey descriptors (r = 0.510); 2-methyl-1-propanol and green-pepper (r = 0.538); 1-butanol and liquorice (r = 0.557) and ethyl lactate was related with green-pepper and liquorice (r = 0.525 and r = 0.509 respectively). These results showed that not all sensory descriptors can be explained by volatile compounds. The correlations found linking chemical compounds and sensory descriptors may be attributed to possible relations between them, to the presence of other produced compounds which were not analyzed or, to some associations among the analyzed compounds.
However, in the general observation of the results of instrumental and sensory analyses (Tables 2 and 3) we could observe that the compounds that mostly contributed to the flavour of Albariño wines (value of OAV N 1) were fruity (ethyl esters and acetates) and floral aromas (monoterpenes), coinciding with descriptors with GM N 10%, fruity and floral aromas too (citric, flowers, fruit, ripe fruit, apple and tropical).
Regression analysis between volatile components and sensory descriptors using PLSR
In the present study we have used partial least squares regression analysis (PLSR) to show the relationship between the flavour components and sensory properties. PLSR was carried out between volatile components with OAV N 1 and sensory descriptors with GM N 10%. Among multivariate techniques PLSR analysis has been widely used to investigate the relationship between sensory and GC data set [6, 37] This technique has been previously used in the modelling of the aroma of wines of the variety Traminer [38] , in aged Spanish red wines [39] and in Australian Riesling and Chardonnay wines [40] . In our work the correlation loadings from PLSR of 14 volatile compounds (V), determined by GC-FID, and 7 sensory descriptors (S) from Albariño wines were carried out (Table 3 and Fig. 4) . In this case, sensory descriptors that contribute significantly to the aroma (GM N 10%) were chosen as Y-variables and volatile compounds with high odour activity (OAV N 1) as X-variables. A biplot of the products and their characteristics is obtained with XLstat program. The program XLstat has extracted automatically two latent variables. Totally, the biplot explained 45% of the variation. The connection of sensory descriptors and volatile compounds in wines testified the existence of a relationship between variables. Positive correlations were found between flowers descriptor and linalool compound (S2-V6, 0.33), ripe fruit and octanoic acid (S4-V12, 0.38) and ripe fruit and decanoic acid (S4-V14, 0.38). Negative correlations were found between butyric acid and fruit (S3-V7, 0.31), cut green and ethyl decanoate (S5-V8, 0.40) and cut green and decanoic acid (S5-V14, 0.33). The correlations are positive as well as negative, which suggests that the perception of an aromatic note is influenced not only by the presence of a few components whose aroma form the note, but also by the presence of other odorants that affect negatively in the perception of such aromatic note [39] . For Macabeo white wines aroma compounds with high odour activity values did not have a major impact on the aroma of a given model system [31] . The quality of the model ability was conducted by the root-mean-square prediction error (RMSEP). In this study, the RMSEP was sited between 9 and 14 for the sensory descriptors. Similar results were in other studies about prediction of wine sensory properties to grape variety [41] .
Conclusions
This work has the aim to improve understanding about the sensory and instrumental characteristics of young Albariño white wines, in order to find correlation between the two analyses. In this study both sensorial and instrumental analysis methods showed similar results. Multivariate statistical procedures were performed on sensory and instrumental data of the aroma of Spanish Albariño. In general, in instrumental analysis, the compounds that mostly contributed to the flavour of Albariño wines were fruity (ethyl esters and acetates) and floral descriptors (monoterpenes). In sensory analysis the descriptors with the highest GM were fruity and floral descriptors too (citric, flowers, fruit, ripe fruit, apple and tropical). Positive and negative correlations between sensory descriptors and volatile compounds were found when PLSR was applied. 
